Shorelines are complex ecosystems and highly important socio-economic environments. They may change rapidly due to both natural and human-induced effects. Determination of movements along the shoreline and monitoring of the changes are essential for coastline management, modeling of sediment transportation and decision support systems. Remote sensing provides an opportunity to obtain rapid, up-to-date and reliable information for monitoring of shoreline. In this study, approximately 120 km of AntalyaKemer shoreline which is under the threat of erosion, deposition, increasing of inhabitants and urbanization and touristic hotels, has been selected as the study area. In the study, RASAT pansharpened and SENTINEL-1A SAR images have been used to implement proposed shoreline extraction methods. The main motivation of this study is to combine the land/water body segmentation results of both RASAT MS and SENTINEL-1A SAR images to improve the quality of the results. The initial land/water body segmentation has been obtained using RASAT image by means of Random Forest classification method. This result has been used as training data set to define fuzzy parameters for shoreline extraction from SENTINEL-1A SAR image. Obtained results have been compared with the manually digitized shoreline. The accuracy assessment has been performed by calculating perpendicular distances between reference data and extracted shoreline by proposed method. As a result, the mean difference has been calculated around 1 pixel.
INTRODUCTION
Shorelines are important features for land/water resources management, safe navigation, geographical mapping and coastal monitoring. Satellite imagery is the valuable data source for shoreline extraction, and there are freely available satellite images both from multispectral and radar sensors. Combined use of passive and active sensors would allow using advantages of a different wavelength. Synthetic Aperture Radar (SAR) images are a polar-orbiting satellite and operate in all-weather, day-and-night conditions with monitoring for land and water areas. Since the coastal areas have windy and cloudy weather conditions, SAR data is much advantageous compared to the multispectral imagery. On the other hand, processing of SAR images is challenging compared to the multispectral images, since they contain high level noise and speckles.
In recent years, there are many types of research were conducted related to coastline change detection using SAR images. Lee and Jurkevich (1990) proposed using an edge detection method supported by an edge-tracing algorithm to detect a coastline from low-resolution Synthetic Aperture Radar (SAR) images. Mason and Davenport (1996) proposed a semiautomatic method for detecting the shoreline from ERS-1 SAR images. This method integrated with an active contour model and the contrast ratio filter detector. Niedermeier et al. (2000) developed a detection algorithm based on wavelet and active contour methods. Yu and Acton (2004) delineated coastlines from space borne polarimetric SAR imagery of coastal urban areas using a diffusion based method. Kim et al. (2007) studied waterline detection in the intertidal areas using synthetic aperture radar (SAR) images and field measurements. Liu and Jezek (2004) improved an automated coastline extraction technique by merging Canny edge detection and locally adaptive thresholding methods. Shu et al. (2010) offered extraction shoreline from RADARSAT-2 imagery which was a semi-automated method. This method was combined morphological filters and segmentation. Xing et al. (2012) recommended a snake based method for an effective coastline extraction technique. To improve motion performance, it was developed a new internal and external energy function by them. Zhang et al. (2013) implemented an algorithm which is the combination of geometric active contour models and quadtree segmentation for extraction of coastline. Paes et al. (2015) proposed a method for detect shoreline from RadarSAT-2 SAR data by using k-means clustering algorithm and Canny edge detection filter. Liu et al. (2016) improved a method for coastline extraction for wide-swath SAR imagery, which used the modified K-means method and an adaptive coarse-fine object-based region-merging (MKAORM). Modava and Akbarizadeh (2017) presented a novel coastline extraction procedure from SAR images utilizing spatial fuzzy clustering and the active contour method.
In this study, a new fuzzy approach is proposed to extract shorelines from SENTINEL-1A imagery. RASAT multispectral image is used for estimation of the parameters. The proposed approach is tested on the Antalya-Kemer shoreline.
MATERIALS AND METHODS

Used Data and Study Area
In the study, around 120 km of Antalya-Kemer shoreline located southern part of the Turkey, has been selected as the study area. The coast has the typical Mediterranean climate which is hot, dry weather and warm sea. The shore consists of different types of geological features mostly stony rather than sand. The selected study area is displayed in Figure 1 . 
Methodology Used
Regarding the detection of shorelines from multispectral images, different image segmentation methods are proposed for different issues. In general, image segmentation methods can be classified into five groups which are (i) threshold based, (ii) edge based, (iii) region based, (iv) clustering techniques and (v) matching algorithms (Shih and Liu, 2016; Gong et al., 2015) . Threshold method is the simplest one comparing to others. Many researchers developed different methods which are based on thresholding (Gao et al., 2016) . Random Forest classifier is also an image segmentation method (Breiman, 2001 ) which is a data-driven method and enables efficient classifications using predictions produced from an ensemble of decision trees (Belgiu and Dragut, 2016) . The Random Forests technique is based on the Bayesian tree or binary classification tree ( Cutler et al., 2007) . In this study, the Random Forest classification has been realized by using Matlab® function TreeBagger. Random samples have been selected using bagging technique (bootstrap aggregation) for each node of the tree (Trigila et al., 2015) . In this technique, ⅔ of the training dataset is used as learning dataset (inBag) and ⅓ is used for validation (Out-of-Bag (OOB)). In each node, the best branching is determined by using m random variables selected from all variables. This process uses the Calculation and Regression Tree (CART) algorithm. The CART algorithm uses the GINI index. For each node in a decision tree, the index determines the best interval and the impurity (He et al., 2015; Pal, 2005) . The GINI index is defined according to (Pal, 2005) as in (1).
In the equation, T is the learning data set, Ci is the class to which the pixel belongs, f (Ci, T) / | T | is the probability that the selected pixel belongs to the class Ci.
The number of trees and variables are chosen as 25 and 2, respectively. The RASAT image is classified with use of predict function derived from the decision tree. The training dataset contains 76605 in total since The RASAT image has 6744x7096 pixels.
The segmentation result from RASAT image is given in Figure  3 . This result has been used as training data set to extract shoreline from the SENTINEL-1 image. The proposed approach includes four processing steps: preprocessing, classification, post-processing and quality assessment. The flowchart of the method is shown in Figure 4 . In the pre-processing step, cropping of the original image, speckle reduction, and geometric correction are performed. In the classification step, the fuzzy clustering using mean standard deviation method is applied to derive the shorelines with calculated parameters with use of RASAT based shorelines. In the post-processing step includes the generalization of the detected shorelines. The quality assessment covers the comparison of manually created shoreline with the final results. The SAR images contain speckle which is needed to be reduced (Liu and Jezek, 2004) . For this purpose, the Lee filter (Lee, 1986 ) is used since it is capable of reducing radar noise and speckle without losing the sharpness of the image. The image has been terrain-corrected with the use of SRTM terrain model ( Figure 5 ). shows the result of the clustering having two classes which are land and water. The centroid method is chosen to cluster the pixels as land pixels and the rest of water (Figure 8a) . The boundary of the water class is generated as the shoreline. Then, the classified SAR image is converted raster to vector form. After the conversion, the vector data include the zigzag effects which come from the raster data type and this effects is eliminated with Douglas-Peucker regularization algorithm (Dougles and Pecker, 1973) (Figure 8 where m = the mean, s = the standard deviation, a and b multipliers denote input parameters.
RESULTS
The quality assessment has been performed with a comparison of the final result with the reference data which is manually created with use SENTINEL 1A data.
Details of the reference coastline and manually digitized coastline are presented in Figure 9 . The extracted shorelines are converted to the dense points in every 10 m. (which is spatial resolution of SAR image), and perpendicular distances to the reference shoreline are measured. Then statistics are calculated for the measured distances ( Figure 10 ). The mean, standard deviation and median values between the final results and the reference vector data and between the initial results from RASAT and final result from SAR data are given in Table 3 . Regarding the locations where there are large differences between the final result from SENTINEL-1A and the reference data, they are mainly caused by the terrain correction step. Because the SAR image has been terrain-corrected with the use of SRTM data which has lower resolution than the SAR image. So, the pixels which intersect with SRTM values on the locations where there are significant elevation changes moved from their original position much far away. Therefore, the shoreline result at these pixels has large differences with their correct position.
CONCLUSIONS
In this study, the medium resolution RASAT and SENTINEL imagery have been used to extract the shorelines with high precision. Extraction from SAR dataset itself would be difficult since the results are parameter sensitive and it is not easy to define the correct parameters for the precise results. On the other hand, extracting from RASAT has low accuracy compared to the final result from the combined use. Therefore, the combined use of RASAT and SAR images has significant capability to derive the shorelines with the quality of one pixel difference between reference dataset. RASAT image has been segmented by Random Forest method and results land/water body binary segmented image has been used for estimating the parameters used in fuzzy approach which is used to extract the shorelines from SENTINEL-1A image. Although the used RASAT pansharpened image has only visible bands, the performance of Random Forest classifier was very satisfying to create initial data for defining the fuzzy parameters for final segmentation step.
In the presented study, an integrated shoreline extraction approach has been proposed. Since extracted shorelines are used for detailed and temporal monitoring of coastal change, the proposed method can be used for coastal erosion studies, modelling of sediment transport and coastal morphodynamics.
The results are promising with good quality assessment results from the fuzzy approach. The determination of the parameters would be empirical in case the results from RASAT would not be used. SAR images are different than optical imagery to apply standard classification methods as performed in RASAT imagery. The images contain high level noise, so there is no identical information in the pixels regarding the objects. As shown in the quality assessment, fuzzy methods allow determining the different clusters with much separability between the classes.
In the future studies, other medium resolution image data (e.g. SENTINEL-2A) can be used to estimate the parameters of fuzzy membership function much precisely.
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